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Abstract 
Demand side management programs are strategies 
designed to alter the shape of the load curve. In order 
to successfully implement such a strategy, customer 
acceptance of the program is vital. It is thus desir- 
able to design a model for direct load control which 
may accommodate customer preferences. This pa- 
per presents a methodology for optimizing both cus- 
tomer satisfaction and utility unit commitment sav- 
ings, based on a fuzzy load model for the direct load 
control of appliances. 
1. Introduction 
In the competitive operation and business climate, 
load management programs will become more preva- 
lent as customers demand more pricing and usage o p  
tions. Many utilities will need to be more proactive 
in the stature they take in implementing load man- 
agement programs. The most common load manage- 
ment program is end-use equipment control, which is 
also known as direct load control (DLC). The pur- 
pose of DLC is to shape the load curve by cycling 
customers' large current drawing appliances, such as 
air conditioners and water heaters. One critical area 
which will be of paramount importance in the new, 
competitive marketplace, is customer input and sat- 
isfaction. Also, in order to achieve maximum cost 
benefits, a DLC dispatch schedule must be coordi- 
nated with utility economic considerations such as 
unit commitment and economic dispatch. In this pa- 
per, a new approach to DLC is proposed in which 
customer preferences are accommodated while con- 
currently maximizing the savings of the utility. 
In the competitive marketplace, any load model 
which is used as a basis for establishing a DLC dis- 
patch schedule must consider the customers' prefer- 
ences up front, and not as a secondary issue. The load 
model should be versatile enough to capture the spec- 
tra of preferences, and simple enough for successful 
implementation and easy interpretation of the results. 
It should also contain a mechanism for accounting for 
feedback from the customer as comfort and economic 
levels evolve and change. 
Currently used models for DLC do not consider cus- 
tomer demographics a t  all. The method proposed 
by Hsu [l] classifies customers into N cycling groups, 
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each with a fixed cycling capacity. The method pro- 
posed by Cohen [2] models the DLC cycling as a 
change in energy demand. These methods assume 
that all customer groups are identical and homoge- 
neous. They do not account for customer variation 
in preferences, such as maximum temperature toler- 
ances, maximum temperature deviations, and differ- 
ences in cycling group capacities. This paper presents 
a new load model and approach to direct load con- 
trol based on fuzzy logic techniques which optimizes 
the trade-off between customer preferences, utility re- 
sources, and uncertainties in the load. The first part 
of this paper is devoted to deriving a fuzzified load 
model for use in direct load control. The remainder 
will discuss the implementation of this load model. 
2. The Load Model 
Many utilities summer peak due to the large contri- 
bution of central air conditioning loads. Controlling 
the operation of central air conditioners is one means 
of reducing the peak load. The controlled air con- 
ditioners are segmented into groups in which one or 
more groups are off, while the remainder are on. At 
the conclusion of the "offtime," the disabled air con- 
ditioners are switched back to an active state, while a 
different group is disabled. This arrangement permits 
the total utility load to remain effectively uniform. 
The load control period usually lasts between four 
to ten hours per day, depending on the duration of 
the utility peak load. Following the load control pe- 
riod, the air conditioner is permitted to run until 
the house temperature reaches the thermostat set- 
ting. This postcontrol period is referred to as the 
"paybackn period. 
During the load control period, the house interior 
temperature may rise several degrees higher than if 
the air conditioner were not controlled. This implies 
that the customer must endure a certain degree of 
discomfort during the cycling of the air conditioning 
load. Thus, in order to effectively capture all aspects 
of the customer preferences, there are a number of 
parameters which must play a dominant role in the 
evolution of a load model. They are: 
0 The normal temperature or ambient energy 








The maximum temperature deviation or energy 
content that the customer is willing to tolerate 
(comfort criteria), 
The distribution of the cyclable load, 
Residential thermal loss, and 
Payback amount. 
The Ambient and Comfort Criteria 
In order to quantify customer preferences, two cri- 
teria are defined. The first is the ambient criteria, 
which is a measure proportional to the ambient in- 
ternal temperature a customer or group of customers 
prefer. The second is the comfort criteria, which is a 
measure proportional to the maximum temperature 
a customer will comfortably tolerate. These pref- 
erences tend to be non-specific and vary from cus- 
tomer to customer. These preferences may overlap 
and may vary over time due to various outside influ- 
ences. Thus, characterizing these preferences is well 
suited to a fuzzified environment which may account 
for non-specific quantities, or a range of quantities. 
To achieve a load model which may account for cus- 
tomer preferences, a global distribution is first desig- 
nated in which all customer preferences will lie. Sim- 
ilar to the approach in [2], this distribution is de- 
fined in terms of energy requirements. According to 
the nature of the load, global maximum and mini- 
mum levels for both ambient and comfort energy are 
defined. These energy levels are then divided into 
a number of fuzzy templates. These fuzzy subsets 
are given linguistic names like SMALL, MEDIUM, 
LARGE, etc. A SMALL ambient energy level would 
most likely correspond to those customers who pre- 
fer very cool ambient temperatures, perhaps in the 
range of 65'F to 69'F. These ranges will probably 
vary from utility to utility depending on geographic 
differences such as normal outside high temperature, 
humidity levels, and time zone. These fuzzy subsets 
define the Global Ambience Fuzzy Subset and the 
Global Comfort Fuzzy Subset. 
The total customer area under DLC may then be bro- 
ken into cycling groups based on criteria such as ge- 
ographic (feeder) location or the nature of the load. 
The customers in each cycling group are then char- 
acterized by their their ambience and comfort levels. 
The reason for doing so is to allow for a certain degree 
of customer may have if asked 
to . It should be noted that the 
dis n obtained for the ambient en- 
ergy level need not be the same as that for the comfort 
energy level. For example, a customer may prefer a 
high thermostatic setting (LARGE ambient) but will 
not tolerate large deviations (SMALL comfort). 
The results of the individual preferences may be ob- 
tained by truncating the global fuzzy subsets in ac- 
cordance with the obtained percentage levels. These 
truncated furzy subsets are the Local Fuzzy Subsets, 
which are unique for each group under DLC. 
2.2. The Distribution of Cyclable Loads 
The distribution of the cyclable load within a utility 
defined DLC area is 
depends on the nu 
area, the types of units 
energy transfer levels of 
side influences as well. 
ditions. The load model proposed herein attempts to 
rectify these shortcomings with a more flexible load 
model which may account for both customer prefer- 
ences and variances in the load itself. 
In each group of custo 
corresponding to PL, 
resultant load template is then define 
These templates are: the lo 
In the section 2.5, fuzzy rules will be used to map 
these subsets onto another fuzzy template for cycling 
period, or offtime. This template will then be used 
in coordination with a s ar template for payback 
to establish the cycling t and commitment order 
for the DLC groups. 
transition from 
If (E, = SMALL) & ( 
common to all groups. As customer preferences vary, 
the application of these rules to different groups will 
yield different fuzzy offtime templates. 
2.4. Effect of Thermal Losses 
The load distribution model derived in Section 2.2 ac- 
counts for the range of cyclable load within a group. 
In this section, this model will be modified to account 
for thermal losses. Although detailed space condition- 
ing models are generally available for steady-state and 
transient building analysis, a simplified model is of- 
ten adequate to account for heat loss. Thermal losses 
from residences depend on a number of factors, but 
the two significant contributing factors are size and 
insulation. One straightforward method to account 
for thermal losses in the previous model is to intro- 
duce a bias into the base load rating of the device, 
based on size and age of the residence, where it is as- 
sumed that the level of insulation is inversely propor- 
tional to the age of the structure. This assumption of 
correlating age and insulation factor may not be valid 
in some specific cases, but over the large number of 
residences within a group, it is a valid generalization. 
The bias in the load is accomplished through a series 
of additional fuzzy rules. After defining size and age 
templates similar to the ambient and comfort tem- 
plates, and a template corresponding to the coeffi- 
cient of thermal losses (T!), the effective coefficient 
of thermal losses I'll is defined as a fuzzy function of 
the application of the fuzzy rules to the templates. A 
crisp value of I'l = 1 corresponds to the case where 
the effect of thermal loss is neglected. A typical fuzzy 
rule to determine the effect of thermal losses is: 
If (AGE io NEW) & (SIZE is SMALL) then (T7 is §MALL) 
This implies that if the structure has a small floor area 
and is newly constructed, there are very low thermal 
losses. This means that the load in this case has an 
effective rating lower than the base load rating. This 
process is repeated for all possible fuzzy rules to yield 
a range of coefficients of thermal loss for all combina- 
tions of age and size for all groups under considera- 
tion. Mathematically stated, this is 
where yi is an element of the fuzzy template corre- 
sponding to the coefficient of thermal losses, ~(7;  5 
mi+,, , p a r )  is the membership value of 7,, and pa, 
and pa,, are the corresponding membership values of 
the age and size elements of the fuzzy templates. 
2.5. Offtime Calculation 
The offtime is dependent on the load distribution, 
customer preferences, and the loss demographics. 
The templates defined above and the fuzzy rules may 
be merged by a weighted normalization of the offtime 
on the basis of the fuzzy templates. This is given by 
the following relationship: 
where m represents the number of different scenar- 
ios corresponding to the fuzzy rules, and I'l is the 
weighting factor of the load PLk corresponding to the 
thermal conductivity. The value Toffi,j is an element 
of the offtime template which reflects the transition 
from state i to state j .  
Once the cycling time intervals are established, an 
appropriate membership value is assigned to the in- 
dividual offtimes that indicates the strength of spe- 
cific transitions. This is dependent on the member- 
ship values of the individual energy instances between 
which these transitions occurs. In the simplest case, 
this is: 
(PEsi i P E e , )  
(3) - 
1 + IPE-; - P E y  I 
Equations (2) and (3) define the elements of the fuzzy 
template for offtime. It is also possible to place upper 
and lower bound on the offtime, which allows the util- 
ity more flexibility in choosing an appropriate cycling 
time. For example, a utility may desire to specify 
that all offtimes should be between 15 and 45 min- 
utes. This then places an upper and lower bound on 
the fuzzy template. 
Once the fuzzy template for offtime is obtained, a 
crisp value for offtime for each group is obtained using 
the centroid method: 
2.6. Payback 
Following the load control period, the air condition- 
ers are permitted to catch up and reduce the resi- 
dences ambient temperature back to the desired set- 
ting. This postcontrol period is the payback period, 
in which the deferred energy must be paid back into 
the system. Reported valued of energy payback per- 
centages are lower in the northern states (Detroit Edi- 
son 25%, Merican Electric Power 50%) and higher 
in the southern utilities (Arkansas P&L and Missis- 
sippi P&L report almost 100%) [5]. In this study, 
a payback fraction of 100% was assumed for all cal- 
culations. This could be generalized easily for lower 
payback fractions. It is also assumed that this pay- 
back starts immediately after the control period and 
lasts approximately three time intervals beyond the 
control period. A typical payback pattern over these 
three intervals is 60%, 30%, and 10% [J] [4]. This 
implies that 60% of the deferred energy is paid back 
in the first interval following the control period, 30% 
is the second interval and 10% in the third interval. 
This payback pattern may be altered in a straightfor- 
ward manner to account for specific utilities patterns 
in the fuzzy algorithm. 
Since 100% payback of deferred energy is assumed, 
the payback template will correspond directly to the 
offtime template. The payback intervals are fractions 
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of the offtime corresponding to each group. The pay- 
back template is given as: 
q ? D L C ; , ,  = P x (E,; - Ea,) x N (5) 
where N is the number of devices in the group and P 
is the fraction of energy (0.6, 0.3, 0.1) being repaid in 
that specific time interval. The template correspond- 
ing to payback is identical to the fuzzy template for 
offtime with time on the z-axis replaced by energy. 
The payback at stage j for group i is obtained by 
dividing the defuzzified energy by the offtime of the 
group being cycled. Since this offtime is usually dif- 
ferent than the offtime for group i ,  the payback will 
probably be different than the load being cycled off. 
This difference is typically small and does not signif- 
icantly impact the overall solution. 
Using equation (4), the crisp value of the energy tem- 
plate can be obtained for the time interval under con- 
sideration. The value of cycle time and energy may 
then be input directly into a modified unit commit- 
ment algorithm as discussed in the next section. 
3. The DLC Dispatch Schedule 
In DLC, it is desired to cycle the load to reduce the 
peak load in such a way a8 to minimize some ob- 
jective function. This function is typically chosen in 
coordination with a unit commitment or economic 
dispatch strategy. The groups under direct load con- 
trol are typically cycled on and off in stages which 
span the entire DLC interval, which is typically sev- 
eral hours. The control period may be divided into 
M stages which start at stage (K + 1) and terminate 
at stage (K + M). In most applications, each of the 
M stages is of equal duration (typically 15 or 30 min- 
utes) [1]-[4]. In this paper, it is proposed that the 
duration of these stages be optimized for customer 
satisfaction, and may therefore not be equal. 
The load area under DLC is divided into a number 
of groups. Each group is assumed to have a differ- 
ent cycling capacity depending on the customer de- 
mographics. If GN is the group under direct load 
control at stage N, the load reduction L D L C ( N )  is 
the cyclable load corresponding to this group. Note 
that when N 5 K or N 2 K + M + 1, then the load 
reduction is zero (LDLc(N) = 0). 
As discussed in the previous section, each group has a 
unique cycling time corresponding to the preferences 
as defined by the customers of that group. When 
the control period for a group is over, the energy dif- 
ference is paid back. The net restoring demand for 
this group is determined by the fuzzy template corre- 
sponding to the energy difference and the defuzzified 
cycling time of the next group. A payback schedule 
based on the typical 60, 30, 10% payback pattern is 
modified to account for differences in offtime. Thus, 
the payback corresponding to L D L C ( N )  is: 
and the N + 1 stage will most likely be of different 
length than the N and N + 2 stages. This difference 
is typically small and does not significantly impact 
the dispatch schedule. 
Including the effects of the payback schedule, the 
modified system load as a consequence of direct load 
control at any stage N is given: 
&et (NI = Lactual(N) 
This load model may now be used, 
crisp offtime values, as 
4. Illustrative Example 
The proposed methodology for DLC is illustrated in 
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Figure 2: Local Fuzzy Templates 
Table 2: Classification of Customer Preferences 
Table 1 represents the classification of energy tem- 
plates for ambience and comfort into three fuzzy 
templates: SMALL, MEDIUM and LARGE. For the 
purpose of illustration, these fuzzy templates are as- 
sumed to be triangular in shape with the maximum 
membership value corresponding to the mid-point of 
the energy template for the base case. These then de- 
fine the global fuzzy subsets for the example system. 
Table 2 illustrates how the local fuzzy subsets are 
created from the global fuzzy subsets. To create the 
local fuzzy subsets specific to each group, the global 
fuzzy subsets are truncated in accordance with the 
customers stated preferences. Figures 1 and 2 illus- 
trate the global fuzzy subsets and the ambient local 
fuzzy subset for group 1. Figure 1 is a representation 
of Table 1. This is common for all groups under con- 
sideration. Figure 2 shows the global fuzzy subsets 
with respect to the ambiency preferences of group 1. 
As previously indicated, the transitions between the 
energy levels defined by the ambience and comfort 
criteria are governed by a set of fuzzy rules. These 
fuzzy rules are then used to calculate the offtime. In 
this example, there exist three possible transitions 
that can define the offtime template corresponding 
Figure 3: Offtime Templates 
to SMALL. Similarly, there are two possible transi- 
tions that define MEDIUM and only one transition 
that defines LARGE. If the energy templates were 
classified into a larger number of fuzzy subsets, each 
fuzzy subset of offtime would be defined by a larger 
number of transitions. The final template for group 1 
is shown as the solid line in Figure 3. Upon defuzzi- 
fication, the cycle time of group 1 is 34.9 minutes. 
The crisp values of cycle time and cyclable load for 
all groups in the example are given in Table 3. 
4.1. Effect of External Temperature 
The fuzzy subsets are defined for a specific reference 
temperature, say 90’F. As the outside temperature 
deviates from the reference temperature, the subsets 
must also reflect this change. Deviation from the ref- 
erence temperature may be reflected by biasing the 
global fuzzy templates either to the left or the right 
depending on lower or higher temperature conditions. 
For example, if the external temperature were lower 
than the reference temperature, the fuzzy subsets 
would be biased to the left to account for this dif- 
ference. The new fuzzy subsets, which correspond to 
0.3 on the temperature template, are as shown in Fig- 
ure 4. The biased offtime template for these subsets 
is given as the dashed line in Figure 3. This template 
shows a stronger bias towards intervals of longer du- 
ration. Thus the effect of temperature is reflected 
by longer duration intervals. Note that the =-axis 
does not change. This is because the minimum and 
maximum energy levels do not change. However, the 
distribution of these elements in the fuzzy template 
is modified. The effect is then reflected in the mem- 
bership values of the individual time intervals. The 
defuzzified cycle time is 35.7 minutes. 
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Table 4: Comparison of Production Cost (in R) for Unit Commitment with an 
I 1 r 1 
a5 I O  1 5 1.6 
Burg? m twh 
bal Fuzzy Subsets Biased for Lower Tem- 
rature Conditions 
To demonstrate the effectiveness of the proposed DLC 
approach, the production cost savings are compared 
with unit commitment without DLC. The results are 
tabulated in Table 4. For the case without DLC, the 
total fuel cost for a period of 8 hours is 82698 mone- 
tary units (R). The production cost with the proposed 
methodology is 81333 R where the actual control pe- 
riod extends from 13:OO to 15:OO hours. Note that the 
energy payback extends for approximately 90 minutes 
more. The net savings obtained using the proposed 
methodology is 1.64%. Figure 5 compares the original 
load pattern with the modified load pattern. 
5. Conclusions 
A new load model is proposed for the dispatch of di- 
rect load control. In the proposed load model, provi- 
sions are made for customer preferences such as min- 
imum a mum acceptable temperature to in- 
crease c acceptance of the load management 
program. These preferences are quantified and rep- 
resented using fuzzy logic. The load model also ac- 
counts for the range of devices and thermal differences 
within cycling groups. This load model is then used 
in computation of the cycling time and net restored 
energy corresponding to each group. The crisp cy- 
cling time and net restored energy are incorporated 
into an optimizat to 
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